The objective of this study was the spatial identification of the NDVI index and cotton yield distributions through different crop phenological stages using geostatistical methods in Goiás state, Brazil. The experiment was carried out in a commercial field with 47.4 ha, in 80x80m georeferenced grid with 74 plots. Yield monitor data and multispectral satellite images at 56 m spatial resolution were collected in a rainfed cotton field in two dates to monitor the plant vigor. Satellite images of AWiFS sensor were acquired on 08/02/2011 and 01/04/2011, during the first flowering and fruiting cotton stages, respectively, corresponding to 70 and 120DAE (days after emergence). Measures of canopy reflectance, plant height and leaf nitrogen content were determined and cotton yield was obtained by mechanical harvest in August, 2011. Data were analyzed using descriptive statistics, correlation and geostatistical analyses by building and setting semivariograms and kriging interpolation. Best correlation was found between NDVI and cotton yield at 120DAE. At first flowering, the NDVI and cotton yield showed strong spatial dependence, while for 120DAE there was no dependence, probably due to the enlargement of vegetated coverage. There were similarities in the bottom left of the study area with high values of NDVI, as well as the highest values of cotton yield due to excellent plant vigor in the cotton flowering stage. Identifications of spatial differences were possible using geostatistical methods with remote sensing data obtained from medium resolution satellite images, allowing to identify distinct stages of plant growth and also to predict the cotton yield.
INTRODUCTION
Conventional measurements of plant nutrients and crop growth are expensive, time consuming and often are performed only on a small portion of the production areas. Furthermore, high variability of these parameters within a single field make the optimization of the plant treatment a difficult task, especially for fertilization, which often lead to an oversupply of nutrients [1] .
Polyconic projection
Geostatistical estimation makes possible to predict values at unsampled locations by taking spatial correlation between estimated and sampled points into account (i.e., spatial variability). In addition, geostatistical estimation minimizes the variance of estimation error, improving the accuracy of spatial prediction. The kriging interpolation method has been tested and it is considered a good method and substantially superior to inverse distance weighting methods [8] . This interpolation method allows the data visualization into maps and became a useful tool to evaluate the variability of many properties. Thus, crop spectral reflectance can be used to evaluate plant nutrient status and estimate plant growth and the measures readings and spectral data can be converted into maps showing the variability for direct application in precision farming.
In this context, the objective of this study was to analyze the spatial identification of the NDVI (Normalized Difference Vegetation Index) and cotton yield distributions, through different crop phenological dates, using geostatistical methods in Goiás state, Brazil.
MATERIAL AND METHODS

Study area
This study was conducted in an experimental area of 47. 4 
Data
Plants were cultivated on the rainy season, and a sampling grid was made before sowing containing 74 points of 80x80m. Data were collected into a 10m radius of the each central point, previously georeferenced with a 76CSx GPS by GARMIN ® . The cotton emergence occurred on December 2 nd , 2010 and the crop was harvested on August 2011. Nitrogen fertilization was carried out based on soil analysis, in rows spaced by 0.76 m, applied in four stages (preplanting, sowing, emergence and 45 DAE) adding up to a total of 160 kg ha -1 . Diseases and weeds were controlled based on their occurrence, according to the farm's technical recommendations.
Sampling dates are made in clear days took into account the same satellite dates and the phenological stages of plants. For determination of leaf nitrogen content, leaf samples were collected at first flowering (70 DAE -days after emergence) and fruiting stages (120 DAE), with the leaf of the 5 th position of the main stem and collected on 30 plants for each point. Samples were oven dried for 48h at 65°C and ground through a 20 mesh sieve in a Wiley mill. Leaf N concentrations were determined on duplicate samples of 6 mg of ground leaf material.
Hyperspectral data
In order to determine relationships between reflectance and plant growth, the spectral measurements were made at the same two phenological periods. At sampling dates, leaf tissue were collected simultaneously with the canopy reflectance measurements obtained on sunny days above all plots using a portable PAR-NIR Apogee ® spectroradiometer, which operates in the range from 350 nm to 1100 nm, with a 0.5 nm sampling interval. Measurements were made after a previous calibration with a white plate, which provides maximum reflectance. The spectral reflectance measurements in each plot at each sampling date were averaged and the mean values were used in statistical analysis. Hyperspectral reflectance index NDVI at 670 and 800nm was calculated by equation (1):
Satellite image
Two images generated by the sensor AWiFS (Advanced Wide Field Sensor) were acquired to identify correlation with cotton yield. The first one on 08/02/2011 (70 DAE), with orbit 331 and point 089, and the second image on 01/04/2011 (120 DAE), with orbit 327 and point 087.
The AWiFS sensor has a spatial resolution of 56 m with four spectral bands and revisit time of 5 days, covering approximately 740 kilometers [9] . The spectral bands used in this work correspond to channel 2 (red), from 620 to 680 nm and channel 3 from 770 to 860 nm (near infrared). The imagery was radiometrically and geometrically corrected, and rectified to the Universal Transverse Mercator (UTM) coordinate system. After corrections and radiometric calibration of the images, reflectance and vegetation index for two sampling dates were determined using the visible and near infrared bands. All procedures for image rectification and calibration were performed using ERDAS IMAGINE ® 8.7.
Geostatistc analysis
Data were submitted to statistical analysis aimed at the determination of average, maximum, minimum, kurtosis coefficient, frequency distribution and coefficient of variation (CV). In order to verify the normality of the data frequency distribution, was used the Kolmogorov-Smirnov test, on which skewness and kurtosis values should be near zero for normal distributions. The coefficients of variation were evaluated based on Warrick and Nielsen criteria [8] , which classifies as a low CV < 12%, regular 12% to 60% and high to CV > 60%.
Geostatistical analysis was performed by constructing and adjusting semivariogram and ordinary kriging interpolation using geostatistical package Vesper [10] .
Experimental variograms were computed from data to evaluate the spatial dependence analyses, which were conducted by fitting a model to the experimental semivariograms, following the regionalized variables theory [8] . Semivariograms were constructed assuming the intrinsic stationarity hypothesis and the semi-variance, which was estimated by equation (2):
where N(h) is the number of pairs of measured values Z(xi), Z(xi + h) separated by a vector h. According to Vieira et al. [11] , it is expected that measurements within some neighborhood are more similar than those separated by large distances. This means that γ (h) increases with the distance h up to a sill, which is the maximum value in which the variogram stabilizes, corresponding to the limit distance of spatial dependence. Semivariograms with spatial dependence were fitted with the best mathematical model. If spatial dependence is showed by the semivariogram, non-sampled data can be estimated by kriging, with minimum variance and without trend [12] . After that, isolines and contour maps were made with the estimated data as a function of geographic coordinates.
Cotton yield data
Cotton yield data was obtained by mechanical harvesting using a cotton picker, model 9996 by John Deere ® , integrated with a GreenStar ® Harvest Doc ® system, consisting of ultrasonic flow sensor, data monitor (Monitor GreenStar ™ 2), data storage card (Keycard), and Global Positioning System (GPS) with differential signal, StarFire ™ receiver in order to monitor and mapping the cotton yield. Seed cotton yield and GPS data were recorded at 3 s intervals. Data were examined using Apex ® software and exported to further treatment, cleaning, filtering and exported to analysis. All the results were presented as two-dimensional maps representing the spatial distribution of the values of leaf N, NDVI and cotton yield.
RESULTS AND DISCUSSION
NDVI index were obtained by spectroradiometer (spec) and satellite data (sat). Images were constructed from all AWiFS scenes. Table 1 summarizes the descriptive statistical analysis for cotton yield and all data type (NDVIspec or NDVIsat) in the two sampling date (70 and 120DAE).
As expected, NDVI average values obtained by satellite image were lower than hyperspectral NDVIspec at two sampling dates ( Table 1 ). The plants were at their early growing stages on February 08, and more soil surface exposure than on April 01. Bare soils usually produce very small and positive NDVI, which is much lower than the NDVI for healthy vegetation. Ground measurements are done above the canopy in the rows with the minimal soil influence [13] . At 120 DAE, the area of soil was reduced due to crop growth, since plant height average was 1.174m, and rows were completely filled. Thus, the difference between NDVI averages was reduced and values were similar, in spite of the low resolution of satellite image.
All variables presented the normal frequency distribution considering that skewness and kurtosis values were close to zero, according Kolmogorov-Smirnov test, as well as low variation was observed for all variable (CV < 12%). The NDVIsat and NDVIspec showed CV around 6% at 70 DAE (6.59 and 6.03%, respect.). Better and uniform canopy distribution with plant growth at 120 DAE provided a CV reduction on this index.
It was observed the highest correlations at 120 DAE. The highest correlation coefficient between NDVIspec and leaf nitrogen content was 0.832, and between NDVIsat and cotton yield was 0.492.
Cotton yield showed a low CV (4.18%), especially close to CV of NDVIspec at 120 DAE (3.95%). Despite of the nitrogen concentration average at 120 DAE was within sufficiency range to promote a good yield, at first flowering it presented value a little below to the low limit for high productivity in cotton [14] . This fact is one of the causes of the experimental area provided small productivity, 2990 kg ha -1 , against 3700 kg ha -1 for Brazilian national average in cotton yield at the same year. Results from the geostatistical analysis are presented in Figure 2 . Spatial dependence was observed by experimental semivariograms that were fitted using the best-adjusted model with a smaller root mean square (RMS) and validated by the jack-knifing method [5] , [11] . With the exception of NDVIspec in first flowering (70 DAE), which was adjusted to exponential model, all data and crop characteristics were fitted to the spherical model. The nugget effect (C0) represents non-explained variance, frequently caused by errors in measurement or by variations of properties not detected in the sampling scale [8] . Cambardella et al. [15] proposed that spatial dependence degree (SDD) be verified by the relationship between the nugget effect (C0) and the sill (C0+C) being classified as weak for values greater than 75%; moderate between 75 and 25%; and strong for values below 25%.
According to this approach, most crop variable presented moderated dependence, with the exception of NDVIsat, NDVIspec and leaf N content at 70 DAE that presented strong spatial dependence (SDD from 0 to 15.3%). The range defines the maximum radius, from which neighboring samples are drawn for interpolation by kriging, since samples are spatially related. Therefore, closer samples are more important in the interpolation because they are more similar than distant samples [8] . Spatial dependence showed a range between 100 and 300 meters, corresponding to the radius of distinct zones on kriging maps.
After identifying the spatial dependence by adjusting the semivariograms and getting parameters as nugget effect, partial sill and range, data were interpolated by ordinary kriging ensuring not trend and minimum variance.
Kriging maps presented on Figure 3 for NDVIsat and NDVIspec at two sampling date, and Figure 4 for leaf nitrogen content and cotton yield, show dark gray color for the highest values, while light gray color represent the lowest values. Despite the fact of that the fertilization was uniform, both methods reveal distinct plant growth patterns within the fields for each sampling date. Leaf nitrogen content is a good indicator of healthy plants, which have a dark gray color on Figure 3 . Satellite images at 70 DAE presented stressed plants, with NDVI in light gray tone. This low NDVIsat is probably because of large areas with soil exposure, since average plant height was just 0.603m. The low resolution of AWiFS sensor was not good to estimate leaf N content at this sampling date. On the other hand, NDVI obtained by spectroradiometer represented the complete distribution of leaf N content. The best values of NDVIspec were distributed on the west side of study area, which agreed with the nitrogen spatial distribution.
At 120 DAE, both NDVI kriging maps showed similarities in the spatial distribution, where the highest and lowest values practically occur in the same position of the study area. These similarities also occur with NDVI maps to 70 DAE and the cotton yield map. In this case, both NDVI are good indicators of cotton yield especially at 70 DAE. 
CONCLUSIONS
There was spatial dependence for all data analyzed, but the spatial dependency to 70DAE was higher than the 120 DAE;
Similarities observed in the spatial distribution at 70 DAE to both satellite and spectroradiometer NDVI maps, as well as cotton yield map, indicate that NDVI data can predict cotton yield at first flowering;
Identifications of spatial differences were possible using geostatistical methods with remote sensing data obtained from medium resolution satellite images, allowing to identify distinct stages of plant growth and also to predict the cotton yield.
